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Abstract 
In today’s market, companies tend to develop long-term multiple-generation product strategies instead of releasing 
consecutive single products to maintain market competitiveness. Even though this strategy affords market vitality, it 
also can bring about inter-product-line cannibalization. Cannibalization within a multiple-generation product line is 
a complex problem, and it has seldom been explored. It indeed is a critical subject that companies need to take into 
account at the product line planning stage in order to ensure their long-term profitability. In this study, we view a 
multiple-generation product line as a complex adaptive system, and propose a new model that can simulate the 
potential cannibalization scenarios within a multiple-generation product line. The model concentrates on the price 
variations over time for every single generation of product in a multiple-generation product line and is built upon an 
agent-based-methodology. Every product generation in the product line is regarded as an independent agent, and is 
authorized to adjust its sales price according to the shifts in the market demand. The proposed model can assist 
companies in developing appropriate dynamic pricing strategies at the early product line planning stages. 
© 2011 Published by Elsevier B.V. 
.H\ZRUGV Multiple-generation product lines, cannibalization, agent-based modeling, dynamic state variable models. 
1. Introduction 
Owing to today’s rapidly changing, technology-intensive market characteristics, multiple-generation product 
strategies have been widely applied by companies in various industries (Ofek and Sarvary, 2003). For example, 
Apple has introduced four generations of iPhones and two consecutive generations of iPad products to the market, 
and has gained significant success.  A multiple-generation product involves sequential introductions of a product; 
that is, the original model enters the market first, after which its successors are introduced over time, each featuring 
newer technologies and appearances but with essentially unchanged core functionalities.  
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For a corporate entity, the proper planning for its products is critical to help ensure the company’s long-term 
success. Morgan et al. (2001) modeled an active competition scenario in a fast-moving market and found that 
applying a forward-looking, multiple-generation product strategy is significantly more profitable (40% higher) than 
introducing a single generation product, and more profitable (26% higher) than sequentially introducing single 
product generations.  General Electric (GE) recognized that focusing R&D on successive generations of products 
ensured effective product sales strategies (Edelheit, 2004). Thus, instead of developing a single product with limited 
time and technology available, GE focuses on building forward-looking multiple-generation product strategies for 
all its product lines, and periodically reviews and adjusts those strategies to make sure they are on the right track. 
For instance, when GE introduced its then-revolutionary four-slice LightSpeed CAT scanner, the developers already 
had the design ideas for the future 8-slice and 16-slice models in mind.   
When designing a forward-looking multiple-generation product line at early product design stages, given the 
vagaries of the market, it is very difficult to set detailed strategies and goals for every single generation separately. 
Further, while multiple-generation products may last years or even decades, the market presence of each generation 
of the product line might depend on the previous and subsequent generations. Accordingly, it is more practical to 
apply single product line thinking to model multiple-generations of products.  Using single product line thinking can 
also reduce the analytic complexity involved and can help better interpret the overall behavior of multiple-
generation products. 
Pricing strategies for multiple-generation product lines should be taken into account when planning for a 
multiple-generation product line. For a single product line, Nagle et al. (2010) suggest that companies should adjust 
their pricing strategies according to different life cycle phases in order to maintain their advantageous market 
positions. However, when extending to multiple-generation product lines, adapting variable pricing strategies would 
become highly complex since multiple-generation product lines involve market cannibalization conditions. 
Consequently, companies require a reliable system to dynamically generate appropriate individual market strategies 
periodically for every generation of product considering its life cycle status and competitive market scenarios. 
 In this study, we present a two-phase theoretical framework to investigate both potential sales and price 
variations for a multiple-generation product line. In the first phase, we construct a dynamic state variable model to 
forecast the behavior of a multiple-generation product line. In the second phase, we apply agent-based modelling 
technique to observe appropriate dynamic pricing strategies over the life cycle of a multiple-generation product line. 
This paper focuses on the conceptual design of phase 2 of the framework. Section 2 reviews other approaches to 
multiple-generation product planning, Section 3 outlines the two-phase theoretical framework with emphasis on the 
agent-based model for dynamic pricing scenarios of product generations and finally Section 4 concludes the paper 
with a discussion of the future work. 
2. Literature Review 
Below we provide brief reviews of prior work on quantitative models for multiple-generation product planning and 
dynamic state variable models and agent-based models.  
2.1. Quantitative Models for Multiple-generation Products 
To date, several researchers have proposed and investigated the applicability of quantitative models for 
multiple-generation of products (MGPs). These models for MGPs could be roughly categorized into two types: (1) 
behavioral models, and (2) dynamic competition models. Behavioral models intend to simulate the behaviors of 
MGPs. For example, Norton and Bass (1987) expanded the Bass diffusion model to study the sales behavior of high-
tech MGPs. The proposed model considered not only the diffusion of demand but also the substitution effect with 
which the successive generations replace a portion of non-revertible users from existing product generations. 
Moreover, the model is capable of forecasting future demand shifts of the entire multiple-generation product line. 
Mahajan and Muller (1996) extended the research of Norton and Bass and proposed a new model taking into 
account both the adoption and substitution effects of durable technological products. The new model considered a 
new type of demand substitution condition where the demand substitution would occur across generations. They 
called this new condition the “leapfrog” effect. Furthermore, the authors also looked into the optimal introduction 
timing for successive product generations.  Bardhan and Chanda (2008) developed a model based on the Bass 
diffusion model and considered both adoption and substitution effects. Different from prior work, for each 
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generation, the authors divided the cumulative adopters into two different types: first time purchasers and repeat 
purchasers; and modeled them separately. The proposed model also took into account the “leapfrog” effect.
Morgan et al. (2001) studied the quality and time-to-market trade-offs for MGPs. The authors assumed that the 
improvement in quality would relatively increase the costs. Based on this assumption, an optimization model was 
built for a forward-looking multiple-generation product line which attempted to maximize profits under numerous 
factors including different types of costs, the focal firm’s quality, the company’s competitive quality and market 
share with an active competitor. They compared the proposed model to two other models, a pure single-generation 
product launch model and a sequential single-generation product launch model. The results indicated that applying a 
forward looking multiple-generation product launch strategy is significantly more profitable but requires longer 
product development time than the other two product launch strategies. Krankel at el. (2006) applied a dynamic 
programming technique to construct a multiple-stage decision model to examine successive product generation 
introduction timing strategies. The model incorporated Bass diffusion model to predict future market demands and 
was based on two assumptions: (1) the technology level is additive, and (2) the successive generation of product 
completely replaces the previous generation. By changing several parameters, the authors examined the relative 
effects of the technology level and cumulative sales to determine the introduction timing threshold for the successive 
generation of products. More recently, Huang and Tzeng (2008) proposed an innovative, two-stage fuzzy piecewise 
regression analysis method to forecast product lifetime and yearly products shipment of multiple-generation of high-
tech products. The entire forecast is based on historical data. In the first stage, product life time of each product 
generation is predicted by fuzzy piecewise regression technique. After that, the yearly product shipment of each 
generation is assessed.  
Dynamic competition models regard market as a competitive environment, and attempt to formulate 
competitive scenarios and derive competitive market strategies for companies. Ofek and Sarvary (2003) investigated 
the dynamic competition between market leaders and followers. They developed a multi-period Markov game 
model (seeking Markov Perfect Nash Equilibrium) and used it to examine the influences of innovative advantage, 
reputation advantage and advertising effect with R&D for market leaders as well as the relative strategies that 
followers should adopt. Arslan et al. (2007) investigated optimal product pricing policy and introduction timing for 
MGPs under both monopoly and duopoly market competition scenarios. The authors applied optimization 
techniques to model two successive product introduction conditions (complete replacement or co-existing) in a 
monopoly market; constructed a game theory-based model involving high competition between two firms under 
complete replacement in a duopoly market and reviewed two product introduction policies: the rollback policy and 
the generation skipping policy.  
After our review of the literature on behavioral and dynamic competition models, we assert that the existing 
models cannot be applied to model a forward looking MGP line at early product design stages to generate optimal 
lifetime strategies, behavior predictions and optimal successive generation product introduction timing. In the 
ecology domain, dynamic state variable models exist, however, thatare widely used and are able to analyze and 
predict the behaviors and optimal lifetime strategies for living organisms. Unlike other dynamic models, for each 
time segment, the decision is made according to stochastically selected pre-defined “state(s)”.  In reality, organisms 
attempt to adapt to highly changeable environments and behave in terms of their physiological states. Thus, 
modeling organisms’ behaviors with dynamic state variable models can simulate how they make decisions under a 
dynamic environment in order to optimize their life and maximize overall fitness.  
2.2. Dynamic State Variable Models 
Houston et al. (1988) first brought up the dynamic state variable models (DSVMs) based on stochastic 
dynamic programming to analyze the behavior of an organism in terms of maximizing its fitness in life histories. 
Instead of considering yearly variations, the model focused on a state, or the “transition of the animals’ energy 
reserve”. By looking into its energy reserve condition, the animal can apply the optimal strategy in choosing its 
habitat in order to maximize its survival probability. McNamara and Houston (1996) regarded the DSVMs as either 
state-based or state-dependent life-history approaches. They distinguished the state-based approach from the 
traditional age-based approach, and indicated the disadvantage of the traditional age-based approach when applying 
to explain life histories. In addition, they constructed three simplified models showing the ways to apply DSVMs on 
life-history problems. Clark and Mangel (2000) explained the techniques required to construct and solve basic 
DSVMs, and the ways to analyze the acquired results. In addition, they classified existing research into ten 
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categories and introduced the noted models and cases in each relative category. For other state-dependent models in 
biological systems refer to Sherratt et al. (2004), Fenton and Rands (2004), Purcell and Brodin (2007).   
2.3. Agent-based Models 
Agent based models (ABM) consist of a set abstracted entities referred to as agents, and a framework for 
simulating agent decisions and interactions. Agents have their own goals and are capable of perceiving changes in 
the environment. System behavior (global behavior) emerges from the decisions and interactions of the agents. This 
approach provides insight into complex interdependent processes.  ABM is widely used in many applications 
including manufacturing, control systems, automated systems, financial market analysis, social sciences and even 
anthropology. For detailed review of ABM studies refer to Macy and Willer (2002) and Bonabeau (2002). However, 
to our knowledge there are no published studies that approach multiple-generation product line problem as a 
complex adaptive system where product line behavior emerges from the various independent strategic decisions of 
its products. An agent-based model of a multiple-generation product line can be used to gain insight into the most 
appropriate pricing strategies under differing environmental conditions. 
Likening the life cycle of a multiple-generation product line to that of a living organism, we model the 
behaviours of a product line as a dynamic state variable model, and study the cannibalization problem using agent-
based modelling.     
3. Methodology 
We propose a two-phase framework to investigate the life cycle sales and price variations of a multiple-generation 
product line. Figure 1 summarizes the goal of each of the two phases. The core of phase I is a DSVM, which is 
based on stochastic dynamic programming technique. The goal of this phase is to enable companies to simulate the 
performance and predict sales behaviors of the target multiple-generation product line. In the proposed DSVM, a 
multiple-generation product line is regarded as a living organism, and the use of states indicates the product sales 
level in each time period. In the proposed DSVM, we consider using N state variables, where the actual number of 
product generations is n ʀN.  The objective of the proposed model is to maximize the total profits earned 
throughout the entire life cycle of the MGP line. The model can simulate the entire scenario and indicate the optimal 
strategies and number of product generations that the company may need to plan during the product line life cycle. 
The phase I model is based on the following assumptions. First of all, a company is planning to release a 
multiple-generation product line within a specific time period, starting at t = 1 and ending at t = 7.  Second, the 
occurrence of events in period W results in either an increase or a decrease in profit, and is based on the pre-
determined probabilities of the chosen strategy and profit in the previous time period (W. Third, all the moves are 
based on pre-determined operational rules. Finally, each generation of product is assumed to have equal unite price, 
thus profit is linear to product sales volume. Table 1 includes all the parameters used in the proposed model. For 
further details on the phase I model refer to Lin and Okudan (2011). 
In phase II, each generation of product is modelled as an individual agent and can autonomously determine its 
own sales price at any time period t. The proposed model is based on following assumptions: (1) Every generation 
of product has equal initial retail price when entering to the market. (2) Reduction in sales price has direct positive 
influence on product sales. (3) Product sales increment rate caused by reduction in sales price is assumed to be 
known. Table 1 shows all the parameters and variables used in this phase.  
In the model, each generation of product acts according to predetermined but stochastic decision rules. At each 
time period t, each agent checks if product sales are in growing or declining manner. After that, it checks if reducing 
sales price would carry more profits. If the answer is positive, the agent makes the decision to reduce its product 
sales price. As the product sales price drops, the product sales volume adjusts following a randomly selected rate 
which is assumed to be normally-distributed.In addition, if at the same time period a new generation of product is 
introduced to the market, all the generations of products in the market except the new coming generation of product 
reduces their product sales prices with a pre-determined decrease rate. Furthermore, the sum of all the product sales 
volume should not exceed the production capacity that the company can afford in any time period t. Otherwise the 
company should reduce the sales volume(s) for the least profitable product generation(s). It is noted that for each 
product generation, if unit sales price falls to be equal or lower than product unit cost, or the sales volume is reduced 
to zero, the product is considered to be discontinued. 
 Each product uses the same set of decision rules outlined in the following sub-section 3.1. The product  
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Figure 1. Flow of the proposed two-phase framework
generation decisions vary based on the discount rates 
used to adjust the product price. Figure 2 illustrates the 
agent-based model that will be used in phase 2. Here 
each agent is an abstraction of the product generation 
and has the autonomy to adjust its sale price based on 
the product’s sale volume in the market. For simplicity, 
competitor products are not included in the environment 
model at this point so the sales volume is stochastically 
adjusted based on the price adjustment decision of the 
products.     
Table 1: Parameters of the proposed model 
Pn(t) Unit price of product generation n at time t Sn(t) Product sales forecast of product generation n 
ainc Product sales increment rate when sales are in increasing 
manner.  ainc is a random variable, andainc ~ N(μinc, σ2inc). 
n Product generation number, n = 1…N
Cn Product unit cost for product generation n
adec Product sales increment rate when sales are in decreasing 
manner.   adec is a random variable, and adec ~ N(μdec,
σ2dec).
dg Price discount rate for the general case
dn
Product price discount rate when a new 
generation of product is introduced to the 
Prn(t) Expected profit for product generation n at time t Cap Production capacity for each time period
3.1 Agent Decision Rules 
Decision steps for time period t: 
Step 1:When product sales are in increasing manner (Sn(t) – Sn(t-1) ʁ 0):
If [Pn(t-1) – Cn] * Sn(t) ʀ {[Pn(t-1) * dg] – Cn} * Sn(t) * ainc (1)
And   Pn(t-1) * dg> Cn          (2)
Then  Pn(t) = Pn(t-1) * dg                                                                                                                                                                                 (3) 
Sn(t)= Sn(t) * ainc                                                                                                                                                                                                         (4) 
Otherwise: Pn(t) = Pn(t-1)                                                                                                                          (5) 
Step 2: When product sales are in decreasing manner (Sn(t) – Sn(t-1)< 0): 
If [Pn(t-1) – Cn] * Sn(t) ʀ {[Pn(t-1) * dg] – Cn} * Sn(t) * adec (6)
And    Pn(t-1) * dg> Cn (7)  
Then   Pn(t) = Pn(t-1) * dg  (8) 
Sn(t) = Sn(t) * adec    (9) 
Otherwise: Pn(t) = Pn(t-1)           (10) 
Step 3: When a new product generation i comes to the market, product generation n ≠ i needs to adjust its unit sales 
price to be:  
Pn(t) = Pn(t) * dn              (11) 
Step 4: When there are k generations of products in the market, 
For n = i to i + k – 1 and i ʀ jʀ i + k -1,
If Cap < ΣSn(t)            (12)
Prn(t) = (Pn(t) – Cn ) * Sn(t)         (13)
Let Prj(t) = Min Prn(t (14)
If Sj(t) ʁ Cap - ΣSn(t) (15)
Then Sj(t) = Sj(t) – (Cap - ΣSn(t)) (16)
OtherwiseSj(t) = 0 (17)
Step 5: If Cap < ΣSn(t), go to Step 4. 
Otherwise, end the decision process for time period t. 
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Figure 2. Agent-based dynamic pricing model for multiple-
generation product lines
4. Conclusion and Future Work
Current approaches do not take into account intra 
and inter product line cannibalization effect. As an 
alternative, we propose a theoretical two-phase 
framework to forecast the sales performance and 
acquire dynamic pricing strategies for a multiple-
generation product line. The framework considers 
multiple generation product line as an adaptive 
living organism where strategic decisions of each 
product generation affect the overall system 
behavior. We are in the process of completing the 
actual model hence a conceptual design of the 
models is outlined in this paper. By using this 
framework, we plan to analyze the effect of product 
price discount rate, product sales adjustment rate and 
pricing strategies on the overall system performance. 
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